Objective: This study aimed to identify predictors of internal medicine patients' readmission to hospital, using Andersen's behavioral model.
| METHODS

| Study sample
The study was conducted as part of a comprehensive project assessing hospital readmission in Turkey. The prospective cohort study included all patients aged 18 years or older discharged from internal medicine wards at a large university hospital in Ankara between 1 February 2015 and 31 January 2016. In total, 2622 patients were discharged from internal medicine wards during the study period. Following the exclusion of patients who died in hospital during their index admissions (n = 73) or outside the hospital within 30 days of discharge (n = 50), left the hospital and refused or withdrew from treatment (n = 34), or transferred to another hospital (n = 1), 2464 patients remained.
Of these, 767 patients could not be interviewed, 70 did not wish to participate in the research, 45 were unable to respond to the questionnaire, and four were foreign patients. Therefore, the sample ultimately included 1578 patients, of whom 286 were readmitted to hospital.
| Data collection
Data were collected from the hospital information system and via interviews with patients prior to discharge. In addition, patients responded to the Readiness for Hospital Discharge Scale/Short Form (RHDS/SF), 27 which consists of eight items divided between four dimensions, on the day of discharge. Responses were provided using a scale ranging from 0 to 10, with higher scores indicating greater readiness for discharge. Data were collected by research assistants and internal medicine residents throughout the year.
| Data analysis
The data were analyzed using the Statistical Package for the Social Sciences 23.0 and Statistical Package for the Social Sciences Clementine 11.0. Logistic regression analysis was performed to determine the predictors of readmission. The logistic regression analysis included readmission status as the dependent variable. The independent variables were classified into the following four groups based on Andersen's model: predisposing, enabling, need, and health service utilization variables. Predisposing variables included sex, age, education, and marital status. Enabling variables included having a regular physician, someone to help care at home after discharge, bed occupancy rate at the point of discharge ([occupied beds in the ward/total number of beds in the ward] × 100), and distance (km) from home to the hospital. Need variables included main diagnosis at index admission discharge (ICD-10 codes) and total Charlson comorbidity index score. 28 Health service utilization variables included length of stay at index admission, intensive care unit utilization, day of discharge, the four dimensions of the RHDS/SF FIGURE 2 Behavioral Model of Health Service Use (Andersen, 1995) (ie, personal status, knowledge, coping ability, and expected support), visit to any outpatient department at the same hospital within 30 days of discharge, and admission to daycare at the same hospital within 30 days of discharge.
These groups were entered into the logistic regression model in a stepwise manner. In the first step, the model included only the predisposing variables; in the second step, the model included the predisposing and enabling variables; in the third step, the model included the predisposing, enabling, and need variables; and in the fourth step, the model included the predisposing, enabling, need, and health service utilization variables. Therefore, four separate logistic regression models were created, and the performance of the nested models was compared with respect to the prediction of readmission.
Logistic regression analyses were performed separately for three types of readmission: (1) all readmissions, (2) unplanned readmissions, and (3) unplanned, related, and preventable readmissions. 
| Model of all readmissions
The risk factors for all readmissions were initially examined for the 1578 patients with complete data. Of these patients, 286 were readmitted to hospital, and the remaining 1292 were not. The training dataset consisted of 90% of the total sample (n = 1421), and the testing dataset consisted of the remaining 10% (n = 157). In total, 83.88% (n = 1192) and 80.89% (n = 127) of the training and testing datasets, respectively, were classified correctly.
However, readmission of only 22.73% (n = 65) of the 286 readmitted patients was estimated correctly; therefore, the sensitivity of the model was very poor. In addition, performance evaluation values for the training and testing datasets were 0.035 and 0.059, respectively. Therefore, the model established for 1578 patients was considered unsuccessful with respect to the estimation process, as shown in the receiver operating characteristic (ROC) curve in the upper section of Figure 3 .
As the number of patients who were not readmitted to hospital was disproportionately higher, relative to that of patients who were readmitted, which could have resulted in classification bias, a subgroup of patients who were not readmitted to hospital, which was almost equal in size (n = 289) to that of the readmitted patients (n = 286), was randomly selected from the total sample. Therefore, the sub-dataset used in the modeling consisted of 575 patients (ie, 505 in the training dataset and 70 in the test dataset).
As described above, predisposing, enabling, need, and health service utilization variables were included in the logistic regression analysis in a stepwise manner. In the fourth and final step, 73.47% (n = 371) and 72.86%
(n = 51) of the training and testing datasets, respectively, were classified correctly. In addition, performance evaluation values for the training and testing datasets were 0.351 and 0.319, respectively, and readmission of 67.48% (n = 193) of the 286 readmitted patients was estimated correctly. The ROC curves obtained for the training and testing datasets are shown in the lower section of Figure 3 . In addition, the area under the curve in the ROC curve increased after balancing (Figure 3 ), which indicated that the sensitivity and specificity of the training and testing datasets had increased.
| Model of unplanned readmissions
Of the 286 readmissions for which complete data were available, 190 were planned and 96 were unplanned.
The risk factors for unplanned readmissions were initially examined for 1388 patients, including 96 patients for whom readmission was unplanned and 1292 who were not readmitted to hospital. The training dataset consisted of 85% of the total sample (n = 1166), and the testing dataset consisted of the remaining 15% (n = 222). In total, 93.09% (n = 1085) and 93.64% (n = 208) of the training and testing datasets, respectively, were classified correctly. However, performance evaluation values for the training and testing datasets were 2.184 and −0.061, respectively. Furthermore, readmission of only 7.29% (n = 7) of the 96 patients for whom readmission was unplanned was estimated correctly, indicating very poor sensitivity. Therefore, the logistic regression model established for 1388 patients was considered unsuccessful with respect to the estimation process ( Figure 4 , upper charts).
Because of the high number of patients who were not readmitted to hospital, a subgroup of patients who had not been readmitted to hospital, which was almost equal in size (n = 103) to that of the patients for whom readmission was unplanned (n = 96), was randomly selected from the total sample. Therefore, the sub-dataset used in the modeling consisted of 199 patients (ie, 163 in the training dataset and 36 patients in the testing dataset).
As described above, the logistic regression analysis included four steps. In the fourth step, 69.94% (n = 114) and 86.11% (n = 31) of the training and testing datasets, respectively, were classified correctly. In addition, performance evaluation values for the training and testing datasets were 0.329 and 0.836, respectively, and readmission of 70.83% (n = 68) of the 96 patients for whom readmission was unplanned was estimated correctly. The ROC curves obtained for the training and testing datasets are shown in the lower section of Figure 4 .
| Model of unplanned, related, and preventable readmissions
The number of unplanned, related to index admissions, and also preventable readmissions was 25; of these, complete data were available for 21. With all of the variables included in the analysis, we could not create a logistic regression model, because the number of observations was lower relative to that of the variables, as the use of dummy variables for categorical variables increased the number of independent variables considerably. Therefore, the number of observations was insufficient for classification. To overcome this issue, we performed backward selection to remove the nonsignificant variables in a stepwise manner (beginning with the least significant variable). Thereafter, the correct classification rate was 76.6%, sensitivity was 70.37%, and specificity was 85%. In addition, the performance evaluation value was 0.469.
The ROC curve is shown in Figure 5 . Because of the small number of observations, the model included all patients; therefore, no testing dataset results were obtained for the last logistic regression model. 3 | RESULTS Table 1 shows the descriptive statistics for the patients included in the regression analyses. The patients' average age was older than 50 years; more than a half of the participants were male, married, and educated to a level lower than that of high school; approximately 90% had someone to help at home; and the average length of stay at their index admissions was about 15 days.
| Predictors of all readmissions
The results of the logistic regression analysis for all readmissions (Table 2) showed that the predisposing, need, and health service utilization risk factors that affected all readmissions included age, sex (predisposing variables), main diagnosis, total comorbidity score (need variables), length of stay, and the coping ability dimension of the RHDS/SF (utilization variables). The enabling variables were nonsignificant. The probability of readmission increased 1.021 times with The likelihood ratios, goodness-of-fit (Hosmer-Lemeshow test) probability values, and coefficients of determination (Nagelkerke's R 2 ) for the four models are shown in Table 3 . The goodness of fit for all models, with the exception of the first model, which included only the predisposing variable, was significant with respect to Hosmer-Lemeshow probability values, which ranged from 0.521 to 0.611 for the significant models. Furthermore, as variable categories were added, R 2 values increased from 6.10% to 32.70%.
The fourth model, which included the highest number of variables and all variable categories, demonstrated the best fit to the data, as the likelihood ratio was lower relative to those observed for the first three models. In addition, the probability value of Hosmer-Lemeshow goodness-of-fit statistic and Nagelkerke's pseudo R 2 for the fourth model were higher relative to those observed for the first three models. There is not any important variable in predisposing variables group (p = .017). The reduction in the likelihood ratio and increase in the R 2 value following the addition of the need variables to the model indicated that total comorbidity score and main diagnosis were important predictors for all readmissions. 
| Predictors of unplanned readmissions
The results of the logistic regression analysis for unplanned readmissions (Table 2) showed that the enabling, need, and health service utilization risk factors that affected unplanned readmissions included having someone to help at home (enabling variable), total comorbidity score (need variable), and length of stay (utilization variable). The As shown in Table 3 , the goodness of fit for all models was significant with respect to Hosmer-Lemeshow probability values, which ranged from 0.350 to 0.999. Furthermore, as variable categories were added, R 2 values increased from 9.80% to 41.70%. The fourth model, which included all variable categories, demonstrated the best fit to the data, as the likelihood ratio was lower relative to those observed for the first three models. In addition, the probability value of Hosmer-Lemeshow goodness-of-fit statistic and Nagelkerke's pseudo R 2 for the fourth model were higher relative to those observed for the first three models. The reduction in the likelihood ratio and increase in the R 2 value following the addition of the need and health service utilization variables to the model indicated that total comorbidity score and length of stay were important predictors for unplanned readmission.
| Predictors of unplanned, related, and preventable readmissions
The results of the logistic regression analysis involving backward selection showed that the risk factors that affected unplanned, related, and preventable readmissions included having someone to help at home, having a regular physician (enabling variables), and main diagnosis at index admission discharge (need variable; Table 2 
| DISCUSSION
The findings of the study supported Andersen's behavioral model and demonstrated that patients' characteristics and health behavior affected the outcomes of their readmission to hospital. The need variables were stronger predictors of readmission, relative to the predisposing, enabling, and health service utilization variables, for all three types of readmission (ie, all readmissions; unplanned readmissions; and unplanned, related and preventable readmissions). This finding was consistent with those of some previous studies involving the use of Andersen's behavioral model, in which need was most strongly associated with readmission. [29] [30] [31] Of the predisposing variables, age and sex were identified as important predictors of all readmissions; however, none of the variables in this category affected the other two types of readmission. While some utilization variables affected all readmissions and unplanned readmissions, none of the variables in this category affected unplanned, related and preventable readmissions. While none of the enabling variables affected all readmissions, some affected unplanned readmissions and unplanned, related, and preventable readmissions. These results showed that the predictors varied according to readmission type. Therefore, it is unlikely that predictors identified in studies examining all readmissions represent those for unplanned readmissions or unplanned, related, and preventable readmissions.
Of the nested models developed for all readmissions and unplanned readmissions, the final model, which included the highest number of variables and all variable categories, demonstrated the best fit to the data; therefore, the use of this model is recommended for interpretation and estimation. In addition, modeling should not be performed with predisposing variables alone in studies examining the prediction of all readmissions. The decrease in the likelihood ratio and increase in the R 2 value following the addition of the need variables indicated that total comorbidity score and main diagnosis should be included in models developed for the prediction of all readmissions.
In contrast, the decrease in the likelihood ratio and increase in the coefficient of determination following the addition of the need and health service utilization variables indicated that total comorbidity score and length of stay should be included in models developed for the prediction of unplanned readmissions.
In the current study, the predictors of all readmissions included age, sex, main diagnosis, total comorbidity score, length of stay, and the coping ability dimension of the RHDS/SF. This finding is consistent with those of a study involving patients who were discharged from the internal medicine department at Geneva University Hospital, in which the risk factors identified for all readmissions included age, sex, number of comorbid conditions, length of stay, and a diagnosis of cardiac arrhythmia, neoplasia, lymphoma, or leukemia. 7 Moreover, in a Korean study involving patients with heart failure, predictors of all readmissions included age, length of stay, and comorbidity score. 32 In the current study, the predictors of unplanned readmissions included having someone to help at home, total comorbidity score, and length of stay. Similarly, the risk factors identified for unplanned readmissions in the study conducted at Geneva University Hospital included length of stay, number of comorbid conditions, and a diagnosis of neoplasia, lymphoma, or leukemia. 7 In addition, other previous studies have identified comorbidity score 5, 9, 10, 33 and length of stay 5, [8] [9] [10] 34 as significant predictors of unplanned readmissions.
Knowledge of predictors could provide clues as to the patient groups that require additional resources or innovative approaches to reduce readmission rates. In addition, although some of the observed predictors of readmission are unalterable, they could be used to identify high-risk patients. The predictors in the current study could be used to identify patients in internal medicine departments who are most in need of postdischarge follow-up, and plan followup health care to meet their needs. These characteristics could be identified easily at the point of discharge, and patients who exhibit them should be the focus of interventions designed to reduce the risk of readmission. Paying special attention to these patients in discharge planning and postdischarge follow-up provided by primary care providers could help to reduce the number of readmissions.
The results showed that patients with higher total comorbidity scores were at greater risk of readmission, suggesting a need for strong chronic disease management in outpatient settings. Therefore, these patients should be followed up regularly by primary care providers subsequent to discharge, and an effective referral chain should be established to manage their medical conditions. Furthermore, the provision of information, including details of the treatment process, care-related support outside hospital, and possible postdischarge complications, to patients' family physicians by attending physicians at hospitals could facilitate the treatment of some medical problems by family physicians, without the need for readmission to hospital.
The need to pay greater attention to patients' readiness for discharge is one of the issues that are prioritized in the effort to reduce the number of readmissions. Effective discharge is reliant on the relationship between the patient and the service provider, technical support, and organizational factors involved in service delivery. Therefore, the provision of coordinated services and adequate discharge information to patients and their relatives could reduce the number of readmissions. Moreover, patients and their caregivers should participate in the discharge process to ensure that they are well informed about their health status, treatment, and medication administration and side effects, and service providers should determine whether patients and their relatives have understood discharge information correctly. Furthermore, establishing clinical coordination, ensuring the implementation of comprehensive discharge plans, determining the responsibilities of those who provide postdischarge care, arranging follow-up outpatient appointments, and establishing a single database to provide access to patients' history at various health care levels are also important in achieving effective discharge.
Strategies that are generally recommended for reducing numbers of readmissions include improving training for patients with respect to their medication, patient-centered discharge instructions, follow-up phone calls, home visits, and coordination with outpatient care providers. 35 In addition, several programs have been developed to reduce the number of preventable readmissions. 36, 37 These programs could be used to reduce the numbers of readmissions.
| Limitations
The current study was subject to some limitations. For example, it was conducted in a single large, tertiary-care, referral university hospital; therefore, the results might not be generalizable to smaller hospitals. The inclusion of all hospitals in Turkey in future research could provide a more accurate account of readmissions and clarify the extent of the generalizability of the current results. Moreover, readmission risk factors for patients discharged from surgical and other departments could differ from those observed for patients discharged from internal medicine departments.
Therefore, similar studies should be conducted in various departments.
In addition, prospective cohort studies would be a useful means of conducting thorough examination of the risk factors for readmission, as administrative datasets do not include some important variables such as social support and patients' perceptions of their readiness for discharge. Moreover, administrative data could be incomplete or inaccurate. Therefore, the reliability of the data should be established in studies involving administrative data.
Furthermore, all of patients' records of readmission to the same or different hospitals should be accessed to ensure that complete information is obtained. Therefore, it is necessary to establish a national system to facilitate monitoring of all readmissions via a single database.
It is neither possible nor desirable to prevent all readmissions. However, if readmission is used as an indicator of the quality of care, it is necessary to focus on unplanned readmissions, or ideally, unplanned readmissions that are both related to index admissions and also preventable. The number of unplanned, related, and preventable readmissions included in the current survey was very low. However, higher numbers could be observed in other hospitals and departments. Comprehensive examinations involving large numbers of unplanned, related, and preventable readmissions should be conducted, and policies should be developed to reduce the number of this type of readmission.
| CONCLUSION
In conclusion, readmission to hospital is an important patient outcome. To reduce the number of readmissions, predictors of readmission should be identified. These predictors vary according to readmission type. However, the most powerful predictors influencing readmission are need-related variables, according to the Andersen's model.
